A 5-generation selection experiment in Yorkshire pigs for feed efficiency consists of a line selected for low residual feed intake (LRFI) and a random control line (CTRL). The objectives of this study were to use random regression models to estimate genetic parameters for daily feed intake (DFI), BW, backfat (BF), and loin muscle area (LMA) along the growth trajectory and to evaluate the effect of LRFI selection on genetic curves for DFI and BW. An additional objective was to compare random regression models using polynomials (RRP) and spline functions (RRS). Data from approximately 3 to 8 mo of age on 586 boars and 495 gilts across 5 generations were used. The average number of measurements was 85, 14, 5, and 5 for DFI, BW, BF, and LMA. The RRP models for these 4 traits were fitted with pen × on-test group as a fixed effect, second-order Legendre polynomials of age as fixed curves for each generation, and random curves for additive genetic and permanent environmental effects. Different residual variances were used for the first and second halves of the test period. The RRS models were fitted with the same fixed effects and residual variance structure as the RRP models and included genetic and permanent environmental random effects for both splines and linear Legendre polynomials of age. The RRP model was used for further analysis because the RRS model had erratic estimates of phenotypic variance and heritability, despite having a smaller Bayesian information criterion than the RRP model. From 91 to 210 d of age, estimates of heritability from the RRP model ranged from 0.10 to 0.37 for boars and 0.14 to 0.26 for gilts for DFI, from 0.39 to 0.58 for boars and 0.55 to 0.61 for gilts for BW, from 0.48 to 0.61 for boars and 0.61 to 0.79 for gilts for BF, and from 0.46 to 0.55 for boars and 0.63 to 0.81 for gilts for LMA. In generation 5, LRFI pigs had lower average genetic curves than CTRL pigs for DFI and BW, especially toward the end of the test period; estimated line differences (CTRL-LRFI) for DFI were 0.04 kg/d for boars and 0.12 kg/d for gilts at 105 d and 0.20 kg/d for boars and 0.24 kg/d for gilts at 195 d. Line differences for BW were 0.17 kg for boars and 0.69 kg for gilts at 105 d and 3.49 kg for boars and 8.96 kg for gilts at 195 d. In conclusion, selection for LRFI has resulted in a lower feed intake curve and a lower BW curve toward maturity.
INTRODUCTION
Random regression (RR) analyses have been widely used in animal breeding to model longitudinal measurements at different ages for animals, in particular for analysis of milk production traits in dairy cattle (Schaeffer and Dekkers, 1994; Jamrozik et al., 1997; Veerkamp et al., 2001; Guo et al., 2002) . In recent years, applications of RR genetic analyses to longitudinal measurements of growth-related traits in pigs have increased [e.g., Huisman et al. (2002) for BW data and Schnyder et al. (2001 Schnyder et al. ( , 2002 for daily feed intake (DFI) data].
Most literature on RR analysis has used polynomials of age, especially Legendre polynomials. As an alternative, RR analysis using regression splines (RRS) has received increasing attention. Regression splines are piecewise polynomials joined at knots, with the number of knots and their placement selected by the user (Hastie et al. 2009 ). Meyer (2005) applied RR analysis with splines to model the growth of Australian Angus cattle. Huisman et al. (2002) investigated RR models with polynomials (RRP) and splines for BW data of pigs.
The selection experiment for decreased residual feed intake (RFI) in Yorkshire pigs at Iowa State University has resulted in a substantial reduction in ADFI and a slight decrease in ADG over the growth period (Cai et al., 2008) . Cai et al. (2011) investigated RR models for phenotypic analysis of longitudinal measurements of DFI and BW in the fifth generation of this selection experiment. In the present study, RR genetic analyses were applied to data from all generations of this selection experiment. The first objective was to estimate genetic parameters for DFI, BW, backfat (BF), and loin muscle area (LMA) along the growth trajectory and to evaluate the effect of RFI selection on DFI and BW curves. The second objective was to investigate which RR model (i.e., using polynomials or splines) provided a better fit to the data for these 4 traits.
MATERIALS AND METHODS
Experimental protocols for this study were approved by the Iowa State University Institutional Animal Care and Use Committee.
Experimental Design and Data Collection
Data were from a selection experiment for RFI in Yorkshire pigs. Cai et al. (2008) described the design of the selection experiment before generation 5 in detail. In brief, the selection experiment has 2 parallel lines: a line selected for low RFI (LRFI) and a randomly selected control (CTRL) line. Selection was on EBV for RFI. Because of the limited number of electronic Feed Intake Recording Equipment feeders (FIRE feeders, Osborne Industries Inc., Osborne, KS) that were available to measure feed intake, only pigs from the LRFI line were evaluated for feed intake before generation 5. The BW data of pigs were measured every week or every other week using a commercial scale outside the pen, rather than by the FIRE feeders, and 10th-rib BF and LMA of the pigs were measured by ultrasound scan (Cai et al., 2008) . For the present analysis, data from approximately 3 to 8 mo of age on a total of 1,081 pigs (586 boars and 495 gilts) were used. This included data from generations −1 and 0, along with data from generations 1 to 5 of the LRFI line and generation 5 of the CTRL line. As shown in Table 1 , the average number of measurements per pig in generations −1 to 4 was 85 to 119 for DFI, 14 to 20 for BW, and 3 to 10 for BF and LMA. Gilts from the second parity of generations 3 and 4 were used for other research projects and were not included in the present analyses. In generation 5, feed intake was also recorded in the CTRL line. In this generation, the selection experiment was a randomized complete block design with line (LRFI vs. CTRL) as the investigating factor and pen as the block factor for boars from the first parity and gilts from the second parity (see Cai et al., 2011, for details) . The average number of measurements per pig in generation 5 was 9 for BW and was 49 to 63 for DFI (Table 1 ). In generation 5, BF and LMA were measured only once, when the pig was taken off test. Cai et al. (2011) chose the quadratic polynomial RR model for phenotypic analyses of the fifth generation of the selection experiment, after comparing results from different orders of polynomials. For numerical reasons, Legendre polynomials of age were used in the present study. Following Kirkpatrick et al. (1990) , to construct Legendre polynomials, age (t) was first standardized as
RR Using Legendre Polynomials
where min(t) and max(t) are the minimum and maximum of age in the data across all animals. The first 3 orders (0, 1, and 2) of Legendre polynomials using t p are 0 5
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For convenience of notation, LP1 and LP2 represent the first 2 (0 and 1) and the first 3 (0, 1, and 2) orders of Legendre polynomials, respectively. The RRP were fitted for DFI, BW, BF, and LMA by using ASREML (Gilmour et al., 2006) . Fixed effects included pen within on-test group (typically 2 or 3 age groups for boars and gilts each generation) and LP2 by generation. Random effects included LP2 as both genetic and permanent environment effects. The complete relationship matrix, with pedigree going back to generation −1, was included for the genetic effects. For convenience, separate independent residual variances were fitted for the first (before 150 d of age) and second (after 150 d of age) halves of the growth period for all 4 traits. Likelihood ratio tests were used to decide whether data from boars and gilts could be analyzed jointly, with equal variances and covariances by sex, or whether they required separate analyses, with boars and gilts having their own variances and covariances. Likelihood ratio tests had P < 0.001 for DFI and BW, P = 0.69 for BF, and P = 0.07 for LMA, suggesting the need to analyze data from boars and gilts as separate traits. Results from these analyses are reported.
Because of convergence problems with the 4-trait analysis of DFI, BW, BF, and LMA, results are reported from the 3-trait analyses of DFI, BW, and BF, and from the single-trait analysis of LMA for boars and gilts separately. To estimate genetic correlations between boars and gilts, bivariate analyses were conducted separately for each of the 4 traits. Standard errors of estimates of genetic parameters were derived using the method of Fischer et al. (2004) .
RR Using Splines
Random regression animal models using regression splines were also used in this study. One popular choice of spline is the natural cubic spline, which is implemented in ASREML (Gilmour et al., 2006) . The same fixed effects and residual variance structure were used as for the RRP animal models. Random effects of RRS were implemented, as suggested by Verbyla et al. (1999) and Gilmour et al. (2006) , with genetic and permanent environment effects for LP1 terms (intercept and slope) and a cubic spline for each animal. Detailed descriptions of the specification of cubic spline functions and associated variance structures are given in Verbyla et al. (1999) and Gilmour et al. (2006) . Models with different numbers of knots were tried to determine the best number of knots and their placement: model RRS3 had 3 knots, at 75, 150, and 210 d of age; RRS6 had 6 knots, at 75, 90, 120, 150, 180 , and 210 d of age; RRS10 had 10 knots, at 75, 90, 105, 120, 135, 150, 165, 180, 195 , and 210 d of age; RRS3_END had 3 knots, at 60, 150, and 253 d of age; and RRS5_END had 5 knots, at 60, 75, 150, 210, and 253 d of age. The results from the RRS3_END and RRS5_END models were included to show the effect of putting the boundary knots at the minimum and maximum of age in the data across all animals, where the number of data points is very small.
Model Selection
The Bayesian information criterion (BIC) was used to compare the RRS and RRP models. The BIC is defined as BIC = −2I + dlogn, where I denotes the maximum value of the residual log-likelihood, d denotes the effective number of estimated covariance parameters, and n equals the number of effective subjects (586 boars and 495 gilts in this study; SAS Inst. Inc., Cary, NC). A smaller BIC criterion indicates a better model fit. Huisman et al. (2002) used n equal to the number of records; however, it is more appropriate to use n equal to the number of subjects for these longitudinal data (SAS Inst. Inc.).
For the purposes of validation of estimates of genetic parameters from the RRS and RRP models, data for a given trait at different ages were also analyzed using multitrait models (MT). For this purpose, data were separated into 4 traits based on age intervals: 91 to 120 d of age, 121 to 150 d, 151 to 180 d, and 181 to 210 d, so records outside the 91-to 210-d range were excluded. Bivariate models were used to estimate correlations between each pair of age intervals. The model for each 1 Line: LRFI = low residual feed intake line; CTRL = control line. 2 DFI = daily feed intake. The number of measurements ranged from 48 to 152 for generations −1 to 4 and from 25 to 84 for generation 5. 3 The number of measurements ranged from 9 to 23 for generations −1 to 4 and from 6 to 10 for generation 5. 4 BF = backfat; LMA = loin muscle area. The number of measurements ranged from 4 to 12 for generations −1 to 1; 3 measurements for generations 2 to 4; and 1 measurement for generation 5.
trait had fixed effects of pen within on-test group, a linear covariate of age by generation, and random genetic and permanent environmental effects.
RESULTS AND DISCUSSION

Model Selection
Placement of Boundary Knots for Spline Models. When analyzing longitudinal data by RRS, one important question is how to select the number of knots and their placement. Specifically, for the natural cubic spline, the function is assumed linear beyond the boundary knots. This assumption is usually reasonable because less information is near the boundaries of the longitudinal range of the data (Hastie et al., 2009 ). However, placement of boundary knots can also affect the behavior of the model in the middle part of the longitudinal range, despite an abundance of data in that range. In this study, the RRS3_END model, with 3 knots at 60, 150, and 253 d of age, had very inflated estimates of phenotypic SD and heritability for DFI for boars in the middle of the growth trajectory compared with estimates from the MT models ( Figure  1) . The boundary knots of the RRS3_END model were placed on the minimum and maximum days of age (60 and 253 d) in the data across all animals, where DFI records were very sparse; only 0.7% of the data fell between 60 and 74 d and 1.3% fell between 210 and 253 d (Table 2) . By moving the boundary knots inward, to 75 and 210 d of age, the estimates of phenotypic SD and heritability for DFI from the RRS3 model with 3 knots were much closer to estimates from the MT models than the RRS3_END model ( Figure 1 ). The RRS5_END model, with 5 knots at 60, 75, 150, 210, and 253 d of age (i.e., 2 additional boundary knots at 60 and 253 d of age beyond the RRS3 model), also had inflated estimates of phenotypic SD and heritability for DFI (Figure 1 ).
This influence of the placement of boundary knots on the behavior of the model existed for all 4 traits and for both boars and gilts, although the effect was small for BF and LMA. One possible reason for the small effect for BF and LMA is that the cubic spline random term of the spline model (RRS3) explained a smaller percentage of total phenotypic variation [sum of variance from all random terms (i.e., splines, intercept and slope for Legendre polynomials, and residuals)] for BF (8%) and LMA (9%), compared with DFI (14%) and BW (12%). Another possible reason is that the proportion of records near the boundary knots of 60 and 253 d of age was greater for BF and LMA than for DFI and BW (Table 2) . By moving the boundary knots inside to where a good proportion of data still existed, sparse records beyond the boundary knots had less influence on the model fit between the boundary knots. Thus, when using RR animal model analysis with regression splines, caution should be taken not to put the boundary knots at the minimum and maximum of time points in the data if limited data exist at those time points. Models RRS3_END and RRS5_END were not considered further in the analyses.
Spline vs. Legendre Polynomial Models. Table  3 shows BIC values for the RRP model and the RRS models with 3, 6, and 10 knots. For DFI and BW, BIC values of the RRS models decreased as the number of knots increased. The RRS model with 10 knots had the smallest BIC values among all the RRS models for both DFI and BW. For BF and LMA, BIC values of the RRS Figure 1 . Estimates of the phenotypic SD (a) and heritability (b) of daily feed intake (DFI) for boars from random regression spline models with different boundary knots and from a multitrait model. RRS3 = random regression model using splines with 3 knots at 75, 150, and 210 d of age; RRS3_END = random regression model using splines with 3 knots at 60, 150, and 253 d of age; RRS5_END = random regression model using splines with 5 knots at 60, 75, 150, 210, and 253 d of age; MT = multitrait model. models decreased as the number of knots increased from 3 to 6, but increased as the number of knots increased from 6 to 10. The RRS model with 6 knots had the smallest BIC values among all the RRS models for both BF and LMA. For DFI, the RRS models with 6 and 10 knots had smaller BIC values than did the RRP model. For BW, all RRS models had smaller BIC values than did the RRP model. For BF and LMA, the best RRS model, with 6 knots, also had a smaller BIC value than did the RRP model.
Estimates of phenotypic SD of DFI, BW, BF, and LMA for boars and gilts from the MT model showed an increasing trend from 91 to 210 d of age ( Figure  2 ). To provide additional information, raw phenotypic SD were calculated for intervals of 15 d from 60 to 224 d of age, and these are also shown in Figure 2 . Raw phenotypic SD increased from approximately 90 d of age and then leveled off or decreased at approximately 180 d of age for DFI, BW, BF, and LMA. Estimates of phenotypic SD from the MT model matched the raw phenotypic SD well. However, close to the boundaries, estimates of the phenotypic SD from the RRP and RRS models increased fast and deviated substantially from estimates from the MT model and the raw phenotypic SD. This indicates that the RRP and RRS models behave poorly close to the boundaries of the data, which is a well-known property of polynomial and spline models (Hastie et al., 2009 ). Thus, the RRP and RRS models should not be used for data extrapolation.
For DFI, BW, BF, and LMA, the RRP model had estimates of phenotypic SD similar to those of the MT model for 91 to 210 d of age (Figure 2 ). As the number of knots increased, estimates of phenotypic SD for DFI, BW, BF, and LMA from the RRS models increased faster when close to the boundaries of the data ( Figure  2 ). For DFI, the RRS3 model had estimates of phenotypic SD that were close to those of the RRP and MT models (Figure 2a and 2b) . As the number of knots increased from 3 to 10, estimates of the phenotypic SD for DFI from the RRS models increased, and they deviated more and more from the estimates from the RRP and MT models for 91 to 210 d of age (Figure 2a and  2b) . In contrast, estimates of the phenotypic SD for BW, BF, and LMA from the RRS models with 3, 6, Model: RRP = random regression using polynomials; RRS3, RRS6, and RRS10 = random regression using splines with 3, 6, and 10 knots, respectively. , cm 2 ) from random regression models using polynomials and splines, and from a multitrait model. The left panels refer to boars and the right panels refer to gilts. RRP = random regression model using quadratic Legendre polynomials; RRS3, RRS6, and RRS10 = random regression models using splines with 3, 6, and 10 knots; MT = multitrait model; RAW = raw phenotypic SD on intervals of 15 d of age. and 10 knots were very close and similar to those from the RRP and MT models for both boars and gilts (Figure 2c to 2h) .
For DFI and BW, the RRP model had estimates of heritability that were close to those from the MT model (Figure 3a to 3d ). For DFI, the RRS3 model had estimates of heritability close to estimates from the RRP and MT models. For the RRS models, inflation of estimates of heritability for DFI compared with the RRP and MT models increased with the number of knots. In contrast, estimates of heritability for BW from the RRS models decreased as the number of knots increased from 3 to 6, but were similar for RRS models with 6 and 10 knots. For BW, the RRS models had greater estimates of heritability than did the RRP and MT models (Figure 3c and 3d) . For BF and LMA, the RRS models with 3, 6, and 10 knots had similar estimates of heritability (Figure 3e to 3h) . For BF, the RRP model had estimates of heritability that were closer to those from the MT model than to those from the RRS models for boars (Figure 3e ), whereas the RRS models had closer estimates than the RRP model for gilts ( Figure  3f ). For LMA, the RRP model and the RRS models with different number of knots had similar estimates of heritability (Figure 3g and 3h) . Estimates of heritability from these models were close to those from the MT model for boars (Figure 3g ) but were greater for gilts (Figure 3h) .
The RRS models with 6 or 10 knots for DFI and LMA; 3, 6, or 10 knots for BW; and 6 knots for BF had smaller BIC values than did the RRP model (Table 3) . They fit better than the RRP model based on the BIC criterion. However, compared with the MT model, the RRS models had, in most of cases, more erratic estimates of phenotypic variance and heritability than did the RRP model, especially for DFI and BW. Therefore, the RRP model was selected as an appropriate model for the longitudinal performance data from this study and only results from this model are reported in the remainder.
Estimates of Phenotypic SD Along Age
Estimates of the phenotypic SD for DFI, BW, BF, and LMA from the RRP model had an increasing trend from 91 to 210 d of age for both boars and gilts (Figure 2) . Estimates of the phenotypic SD for DFI ranged from 0.45 to 0.97 kg/d for boars and from 0.43 to 0.72 kg/d for gilts from 91 to 210 d of age. For BW, estimates of the phenotypic SD ranged from 5.3 to 16.2 kg for boars and from 5.4 to 14.1 kg for gilts. Consistent with our results, Huisman et al. (2002) also observed an increasing trend for estimates of the phenotypic SD for BW, ranging from 2.9 to 11.3 kg for 70 to 190 d of age for boars by a polynomial RR model. For BF and LMA (Figure 2e to 2h) , estimates of the phenotypic SD ranged from 1.5 to 5.1 mm and from 2.6 to 6.2 cm 2 for boars, and from 1.7 and 5.2 mm and from 2.8 to 6.2 cm 2 for gilts, respectively.
Estimates of Heritability Along Age
For boars from 91 to 210 d of age, estimates of heritability for DFI and BW from the RRP model had increasing trends, ranging from 0.10 to 0.37 for DFI and from 0.39 to 0.58 for BW (Figure 3a and 3c) . For the RRP model for gilts, estimates of heritability for BW were fairly consistent across age, with a range from 0.55 to 0.61 (Figure 3d ), but initially increased and then remained constant for DFI, with a range from 0.14 to 0.26 (Figure 3b) . Schnyder et al. (2001) used a quadratic polynomial RR model on weekly means of DFI for French Landrace and Large White growing pigs. In that study, estimates of heritability for DFI ranged from 0.09 to 0.25, which is similar to the estimates in this study. Estimates of heritability for BW in this study were greater than the estimates ranging from 0.13 to 0.20 for 70 to 190 d of age in the study of Huisman et al. (2002) . In addition to the population difference, the difference between our study and the study of Huisman et al. (2002) was that we used an animal model for BW with second-order Legendre polynomials of age for both animal and permanent environmental effects, compared with their sire model with fourth-order Legendre polynomials of age for the sire effect and secondorder Legendre polynomials of age for the permanent environmental effect.
The RRP model resulted in a slightly increasing trend of estimates of heritability for BF for boars and gilts from 91 to 210 d of age (Figure 3e and 3f) . Estimates ranged from 0.48 to 0.61 for boars and from 0.61 to 0.79 for gilts. Estimates of heritability for LMA from the RRP model were fairly consistent from 91 to 210 d of age, with a range from 0.46 to 0.55 for boars, but they initially increased and then remained relatively constant for gilts, with a range from 0.63 to 0.81 (Figure 3g and 3h) .
Estimates of Genetic Correlations Along Age
Genetic and Phenotypic Correlations Between Ages. Table 4 shows estimates of genetic and phenotypic correlations between 105, 135, 165, and 195 d of age for DFI, BW, BF, and LMA from the RRP model. Generally, estimates of genetic and phenotypic correlations for these 4 traits decreased with increasing age intervals. Correspondingly, SE increased as the magnitude of estimates of correlations decreased. Decreasing patterns with length of the age interval for both genetic and phenotypic correlations were consistent between boars and gilts for BW, BF, and LMA. However, for DFI, estimates of genetic correlations for boars decreased much faster with length of the age interval than for gilts, although decreasing patterns of phenotypic correlations were similar between boars and gilts. Schnyder et al. (2001) found that, although the phenotypic correlations of intercept, linear, and quadratic regression coefficients for DFI from a quadratic polynomial RR model were very similar between breeds of French Landrace and Large White, genetic corre- Figure 3 . Estimates of heritability of daily feed intake (DFI), BW, backfat (BF), loin muscle area (LMA) from random regression models using polynomials and splines, and from a multitrait model. The left panels (a, c, e, g) refer to boars and the right panels (b, d, f, h) refer to gilts. RRP = random regression model using quadratic Legendre polynomials; RRS3, RRS6, and RRS10 = random regression models using splines with 3, 6, and 10 knots; MT = multitrait model. lations were very different between the breeds. This study, together with their study, may indicate that the development of feed intake capacity differs genetically between sexes and breeds.
Genetic Correlations Between DFI, BW, and BF. Figure 4a shows estimates of genetic correlations between DFI, BW, and BF from 3-trait analyses, separately for boars and gilts. Estimates of genetic correlations between DFI and BW were similar for boars and gilts before 150 d of age. After that, estimates of genetic correlations between DFI and BW decreased sharply from 0.78 to 0.39 for boars but only from 0.79 to 0.58 for gilts. Estimates of genetic correlations between DFI and BF had different trends with age for boars and gilts; correlations increased from 0.35 to 0.74 for gilts, but decreased from 0.56 to 0.31 for boars. This demonstrated that DFI was genetically more closely correlated with BF for gilts than for boars during the growing period. Estimates of genetic correlations between BW and BF increased with age from 0.35 to 0.63 for boars and from 0.40 to 0.55 for gilts. Zhang et al. (2000) estimated genetic correlations between BW and BF at 22 wk of age in a Chinese × European Tiameslan composite pig line to be 0.10 for boars and −0.38 for gilts, which differs from our results. In addition to population differences, another possible reason is that BF thickness in that study was adjusted to a BW of 100 kg.
Genetic Correlations Between Boars and Gilts for DFI, BW, BF, and LMA. Estimates of genetic correlations between boars and gilts differed little by age for BW (0.78 to 0.91), BF (0.79 to 0.94), and LMA (0.79 to 0.96; Figure 4b ). In contrast, estimates of genetic correlations between boars and gilts for DFI first increased with age to a maximum of 0.78 at 133 d of age and then sharply decreased to 0.28 at the end of the test period (210 d of age; Figure 4b ). One possible reason is that DFI is not a cumulative trait, in contrast to BW, BF, and LMA. Zhang et al. (2000) reported estimates of genetic correlations between boars and gilts ranging from 0.79 to 0.95 for BW at 4, 8, and 22 wk of age, and 0.82 for BF at 22 wk of age, which are consistent with our results.
Estimates of Population Curves with Age
Estimates of genetic population curves for DFI and BW are shown in Figure 5 . They were derived from results of the RRP model for boars and gilts of the LRFI and CTRL lines at generation 5 of the selection experiment based on the sum of estimates of fixed curves and average EBV by line. Because fixed curves were common to both lines, differences in curves between the 2 lines were entirely determined by differences in average EBV. Thus, Figure 5 visualizes the effect of selection for LRFI on genetic population curves of growth and feed intake along the growth trajectory from 91 to 210 d of age. Compared with the CTRL line, the LRFI line had a lower DFI curve for both boars and gilts. Line differences for DFI (CTRL-LRFI) at 105, 135, 165, and 195 d of age were 0.04, 0.13, 0.19, and 0.20 kg/d for boars and 0.12, 0.21, 0.25, and 0.24 kg/d for gilts. Line differences were small at the beginning of the growth period from approximately 90 d of age and became larger later in the growing period (Figure 5a ). The LRFI line also tended to have a lower BW curve Table 4 . Estimates of heritability (on diagonal) and of phenotypic (above diagonal) and genetic (below diagonal) correlations for boars and gilts at different ages based on random regression models using Legendre polynomials, with SE in parentheses 
Conclusions
This study clearly shows that RR using Legendre polynomials is better than using splines for the longitudinal performance data from this study because the RRS model had erratic estimates of phenotypic variance and heritability, although it had a smaller BIC than the RRP model. This study also shows that, when using RRS, the boundary knots should not be placed at the minimum and maximum of time points in the data if limited data exist at those time points. Selection for LRFI has resulted in a lower feed intake curve and a lower BW curve, which indicates that it is possible to Figure 4 . Estimates of genetic correlations (a) between daily feed intake (DFI), BW, and backfat (BF), and (b) between boars and gilts for DFI, BW, BF, and loin muscle area (LMA) from random regression models using Legendre polynomials. M_DFI-BW = genetic correlation between DFI and BW for boars; F_DFI-BW = genetic correlation between DFI and BW for gilts; M_DFI-BF = genetic correlation between DFI and BF for boars; F_DFI-BF = genetic correlation between DFI and BF for gilts; M_BW-BF = genetic correlation between BW and BF for boars; F_BW-BF = genetic correlation between BW and BF for gilts. Figure 5 . Estimated genetic population curves of DFI (a) and BW (b) for boars and gilts of low residual feed intake (RFI) and control lines (CTRL) at the fifth generation from the random regression model using Legendre polynomials. M_LRFI = boars at the low RFI line; M_CTRL = boars at the control line; F_LRFI = gilts at the low RFI line; F_CTRL = gilts at the control line.
change both growth and feed intake curves by selection to improve feed efficiency in pigs.
Implications Webb (1998) suggested a direction of selection for changing the shape of the feed intake curve as increasing feed intake at an early age but decreasing it at a later age. The genetic models implemented in this study enable estimation of genetic parameters and breeding values for curve parameters. How to use these estimates for selection to change the curves of performance traits (feed intake, growth, BF, and LMA) together toward desired directions needs to be investigated further because the performance traits are correlated. A possible approach is index selection with EBV based on the genetic effects of the intercept, linear, and quadratic terms of age from a multitrait RR model. Estimates of genetic parameters of performance traits at different ages, as provided in this study, are required to develop such a selection index for changing the shapes of performance curves.
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